We analyze the use of intellectual property (IP) by firms in Chile over the decade 1995-2005 as the then middle-income country experienced rapid economic growth of 4.7 percent per year. We use a novel dataset that contains a combination of detailed firm-level information from the annual manufacturing census, information on firms' innovative activities from Chile's innovation surveys, and firms' patent, industrial design, and trademark filings with the Chilean IP office. We use these data to look at how IP use by companies has changed over time and analyze the determinants of IP use, in particular first-time use. We find that sales growth prompts first-time use of patents and trademarks, though such use does not change the growth trajectory of firms nor does it improve their total factor productivity. We also find that trademark use is associated with new-to-the-world product innovation, which suggests that branding may be an important mechanism to appropriate returns to innovation in a middle-income country like Chile.
Introduction
There is plenty of evidence on patenting behavior of companies in the industrialized world, above all the U.S. and Europe. There are also studies on the impact of patent systems in developing countries -see Hall (2014) for a survey of this literature. In general, researchers find that stronger patent protection encourages FDI and technology transfer to middle-income economies. However, there is ambiguous evidence on the impact of stronger patent protection on indigenous innovation in developing countries (Branstetter, 2004) . The ambiguity arises partly because the impact has been found to vary by development level, with countries at higher levels of development more likely to respond positively to stronger patent protection. These findings direct our attention to more detailed study of the operation of IP systems in middle-income countries and their impact on domestic firms. The present study is a step towards filling this gap by focusing on the use of IP by manufacturing firms in Chile, and the impact of this use on their performance.
A stylized fact supported by the existing literature is that patenting is rare: Balasubramanian and Sivadasan (2011) find that only 5.5% of all manufacturing companies in the U.S. filed a patent between 1977 and 1997. Similarly, Hall et al. (2013) find that only 2.9% of all registered companies in the UK patent, and even among firms engaged in R&D, the share increases only to 4.0%. The evidence also points to substantial differences in the use of patents across economic activities. For example in the UK, 7.7% of manufacturing firms engaged in R&D patent, whereas only 2.6% in business services do so. Although there is no comparable evidence for lower-and middle-income economies, IP registration data for a number of countries -with the exception of China -suggest that domestic companies hold only a small number of patents (Abud et al., 2013) .
A small, but growing literature on the use of trademarks finds somewhat higher rates of use. 4 For example, approximately three times as many UK firms hold trademarks as hold patents (Helmers et al. 2011) . Trademark registration data for Chile also confirms that the use of trademarks is far more widespread among companies across a large range of industries (Abud et al., 2013) . The widespread use of trademarks by firms in developing countries also means that a large share of trademarks is held by domestic as opposed to foreign companies. This stands in stark contrast to the distribution of patent filings, where the vast majority of filings are usually held by foreign companies. In the case of Chile, for example, residents hold about 60% of trademark filings, but only 5-10% of patent filings.
The evidence to date suggests that ownership of patents and trademarks is associated with higher productivity and/or higher firm value, at least in developed economies (e.g., Hall et al., 2005; Greenhalgh and Rogers, 2012; Hall et al., 2013) . Balasubramanian and Sivadasan (2011) suggest for the U.S. that the 5.5% of manufacturing firms that patent account for nearly 60% of industry value added and more than 50% of employment. Their findings also indicate that firms grow substantially after they patent for the first time where growth appears to be driven by the sales of new products. In this and in other such studies it is often difficult to tell whether the true 3 association is with the IP right or with the asset that it protects. That is, are the patents and trademarks serving as a (useful) proxy for successful invention by the firm or for the introduction of new products? Or does owning the legal right itself add something to value? The answer to these questions has policy implications, as it tells us to what degree more firms should be encouraged to spend money on securing and enforcing IP rights.
In our analysis, we explore the determinants of the use of IP rights -specifically patents, industrial designs and trademarks -by firms in Chile between 1995 and 2005. We are particularly interested in first-time use of IP rights: when do firms start using the IP system, what determines that decision, and what is the short and long-term effect of using the IP system on the performance of these companies.
This analysis is possible thanks to a novel, rich data source from Chile that includes production, IP ownership, and innovation data at the firm level. The data were created by collaboration between the Chilean National Institute of Industrial Property (INAPI), the Chilean National Statistical Institute (INE), and the World Intellectual Property Organization (WIPO). INE matched the IP registration data provided by INAPI to 11 annual waves of its manufacturing census (ENIA) and 5 waves of its innovation survey (Innovacion). The matched manufacturing census and innovation survey data cover the period 1995-2005 and 1997-2008 , respectively. The IP data for all firms is available over the entire 1991-2010 period. The panel structure and the two decades long time series allow us to analyze changes in the use of IP by companies and to relate IP use to company characteristics, innovative activity, and performance. Apart from its broad coverage, the data also stands out because the match of firm-level to IP data was carried out using a unique tax identifier and is therefore not subject to the usual issues associated with name-based matching.
The data cover a particularly interesting period of Chile's recent economic history -a time when Chile experienced rapid economic growth of 4.7 percent a year, which eventually led the country to attain high-income status in 2012. Our results therefore enrich the existing evidence on innovation and firm performance in Chile and more generally in middle-income economies. As such, our analysis offers important insights into the effect of IP on the development process and in particular adds to the existing empirical evidence by also looking at IP rights other than patents and manufacturing industries other than pharmaceuticals.
Our earlier work (Abud et al. 2013) established that foreign residents held the vast majority of patents and design rights in Chile during the 1991-2010 period, while Chilean residents held the majority of trademarks. We find a similar but weaker result when we focus on manufacturing firms within Chile: foreign firms hold more patents and design rights than suggested by their numbers (3 percent of the firms), but far fewer trademarks. Patenting is concentrated in a few sectors, notably chemicals and pharmaceuticals, and absent in the electrical and electronics sector, which is characterized by heavy use of patents in high-income countries. Trademarks are used much more uniformly across manufacturing industries in Chile, although they are also most frequently used in pharmaceuticals. Perhaps surprisingly, the determinants of IP use are generally very similar to those found for developed countries, as are the determinants of R&D investment. A notable difference is that foreign firms are in fact less likely to conduct R&D in Chile than domestic companies.
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We also find that the use of trademarks depends strongly on new-to-market product innovation and to a limited extent on imitative product innovation by firms in Chile. This suggests that branding strategies may be of some importance for appropriating returns to innovation.
IP use itself does not seem to make any difference in the performance of manufacturing firms. While growing firms are more likely to become first-time users of an IP instrument, such first-time use does not change their growth trajectory, nor does it affect their total factor productivity (TFP). In the case of patents, this finding differs from some of the results for high-income countries (Balasubramanian and Sivadasan, 2011) . It may partly reflect the sparse use of patents by Chilean manufacturing firms over time -the vast majority of firms in our sample do not patent, and of those that do, a majority file only a single patent during the 10 years used in our regression analysis. In the case of trademarks, the lack of an independent effect on firm performance is less surprising, given the primary role of the trademark system in removing information asymmetries rather than posing innovation incentives, and there is widespread use of trademarks even among noninnovating firms.
Overall, our results suggest that if the policy objective is to jumpstart innovation-driven growth, policies other than IP protection -such as R&D subsidies and education spending -may initially be more important. Companies start using IP when they are already growing. Even then, the initial focus is on trademarks, which supports the branding of new products and may thus help firms in appropriating returns to innovation. This appropriation mechanism is bound to be of relatively greater importance in middle-income countries than relying on patent exclusivity for inventions that are at the technology frontier. Our results thus point to a sequencing of IP policies, with relatively greater emphasis placed on the trademark system at earlier development stages. The static welfare benefits of the trademark system in preventing consumer confusion and ensuring orderly competition only reinforce this conclusion.
The remainder of this paper is organized as follows. Section 2 describes the data used in our analysis. Section 3 looks at IP use by firms and its impact on their performance based only on the manufacturing survey. Section 4 explores the innovation data and presents the results of estimating a model of R&D, product innovation, trademark use, and productivity, while Section 5 offers a few concluding remarks.
Data
The data consists of three components: (1) INE's manufacturing census ENIA, (2) INE's innovation survey Innovacion, and INAPI's IP data covering patents, industrial designs, utility models and trademarks. In this section we briefly describe these three components and how we combined them into the single dataset used in our analysis. We also provide some short descriptive analysis of the matched dataset.
Manufacturing survey (ENIA)
The Chilean manufacturing census (ENIA) surveys annually all manufacturing companies with at least 10 employees. ENIA contains detailed plant-level information on inputs and outputs as well as 5 plant characteristics including ISIC (Rev. 3) 3-digit sector codes and geographical location (region). We have access to a total of 11 annual waves of its manufacturing census that cover the period 1995-2005. We focus on this time period in our regression analysis presented in Sections 3 and 4. The ENIA has already been used in a large number of empirical studies, such as Pavcnik (2002) , Levinsohn and Petrin (2003) , or Fernandes and Paunov (2012) .
Innovation survey (Innovacion)
The innovation survey, which is conducted by INE, follows the design of the Community Innovation Survey (CIS). The survey started in 1995 and has been conducted every 3-4 years. The structure of the survey differs in part substantially across the different rounds. The first three rounds collected data at the plant-level and rounds 4 and 5 collected data at both the firm-and plant-level. The survey has also expanded significantly in its coverage over time. The first two surveys only covered the manufacturing industry, rounds 3 and 4 expanded to mining and utilities (electricity, gas and water), and the subsequent rounds covered firms across all industries. As a consequence, the sample size also increased significantly, from 541 firms in the first round to over 4,200 firms in round 6. We have obtained access to five rounds (rounds 2-6) of the Chilean innovation survey, covering the following periods: 1997-1998, 2000-2001, 2003-2004, 2005-2006, and 2007-2008 . The publicly available data does not allow the identification of the same firm across different rounds of the innovation survey. However, for the purposes of our study, INE provided a unique identifier that allows us to identify firms across the different rounds of the survey and to merge the data with the corresponding firms in the ENIA and IP datasets.
One peculiarity of the innovation surveys is that each cover two years, but only the financials (sales, R&D, etc.) are collected separately for both years. All the qualitative variables (innovation, innovation barriers, sources of information, etc.) are asked only once, for the two years of the survey. This means that we use the same values for these variables in the two years when we estimate the empirical models. 5
Intellectual property data
The IP data were constructed on the basis of the entire register of patents, industrial designs, utility models and trademarks filed with INAPI over the period 1991-2010. 6,7 The IP data contain bibliographic information as well as information on the prosecution history and legal status of the IP rights. We created a unique, harmonized applicant identifier that allowed us to consolidate the data at the applicant level across the different IP rights and over time. We also attached a unique domestic tax identifier (RUT) to domestic applicants to facilitate the matching with the 6 manufacturing census as well as the innovation surveys. 8 It is important to highlight that the availability of the IP data pre-1995 allows us to identify first-time IP use by the companies in our sample since 1991 when a major reform of the IP system came into effect. 9 2.4 Combining ENIA, Innovacion, and IP data With the help of the INE, we combined the ENIA, Innovacion and IP datasets. The availability of the RUT in our IP data meant that the data could be merged with INE's datasets based on a unique, numeric identifier. Name-based matching was used only to complement the matching procedure and to assess the quality of the match. 10 This represents a major advantage of our data over similar datasets, such as the NBER patent data in the U.S. (Hall et al., 2001 ) and its extension (Balasubramanian and Sivadasan, 2011) or similar databases for other countries (for the UK: Helmers et al., 2011; or China: Eberhardt et al., 2017) . The matched manufacturing census and innovation survey data cover the period 1995-2005 and 1997-2008 respectively. Note that both the ENIA and Innovacion data collect data at the plant-level, whereas the IP data are only available at the firm-level. We therefore aggregate the plant-level data to the firm-level (which is uniquely identified by a firm's RUT) to combine the data with our IP data.
Thus the panel structure of our data offers a long time series to analyze changes in the use of IP by companies and to relate IP use to company characteristics, innovative activity, and performance. Table 1 provides an overview of the available data. The table shows that we have on average nearly 5,000 firms in the ENIA between 1995 and 2005, a total of 9,279 unique firms. The number of firms covered by the Innovacion data varies much more substantially over time, from 443 for round 2 to 4,243 for round 6. Overall, we have slightly more than 8,000 unique firms in the innovation survey data. The table also shows the number of firms available in both datasets. Nearly 2,000 firms are in both datasets, which is a sizeable number keeping in mind that the ENIA is limited to the manufacturing industry whereas Innovacion covers a wider range of sectors from round 3 onward. 11 The data show that few firms patent; 141 firms covered by the ENIA have filed for at least one patent between 1995 and 2005 and 100 firms covered by the innovation surveys. If we focus on the firms for which we have data from both ENIA and Innovacion, we see that only 52 firms have filed for at least one patent. Even fewer firms covered by both surveys apply for industrial designs (34) or utility models (11). The number of trademarking firms is much larger: 27% and 19% of firms covered by the ENIA and Innovacion, respectively, filed for at least one trademark. Nearly a quarter of the firms covered by both datasets filed for trademarks. These findings are in fact not surprising for two reasons: First, we know from the available evidence on IP use discussed in the introduction that even in developed economies, a very small share of all firms patent. Second, Figure A -1 in the appendix shows the share of patent, design and trademark filings by Chilean applicants among all patent, design and trademark filings by companies over the entire 1991-2010 period (that is, including foreign companies). The figure shows the small share of patents and design rights accounted for by Chilean applicants; in contrast, Chilean companies account for the majority of trademark filings. Figure 1 shows the share of patenting and trademarking firms that patent in a single or multiple years over the 20-year period 1991-2010. The figure shows that the majority of firms only patent in a single year during the 20-year period, very few companies patent in several and hardly any company every year (6.8% of patenting firms patent in 10 years or more). This indicates that not only very few companies in Chile use the patent system, but even among those that do, most do so only once. A similar pattern applies to design right filings. Although there are also nearly 50% of firms that trademark only in a single year, 50% of trademarking firms file for trademark protection in two or more years during the 1991-2010 period. 11 The data refer to applications not grants/registrations throughout the remainder of the paper. The innovation survey also contains detailed information on the R&D investment of the firms that are covered by the survey. As in the case of patents, relatively few firms report doing R&D of any kind. We provide more information on R&D in Section 4 of this paper.
Data description
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IP use and performance
In this section of the paper we describe the use of patents, designs, and trademarks by Chilean manufacturing companies over the period 1995-2005 and we explore the determinants of IP use, in particular first-time use. We analyze the short and long-term effects of using the IP system on companies' performance, as measured by employment and revenue growth, and TFP. 
Estimation sample
Our sample for estimation initially consists of the 9,279 manufacturing firms (53,318 observations) from the ENIA survey combined with the data on applications for patents, trademarks, and design rights by these firms, all for the years 1995-2005. When defining a firm's IP use status we also made use of IP information for 1991-1994, but these data were not used in estimation owing to lack of other information on the firms during that period. We cleaned the sample by removing observations where the capital stock was equal to zero (~900 observations), materials were missing (~190 observations), employment was missing (7 observations), or the capitalemployment, sales-employment or materials-employment ratios changed from the previous year by a factor of more than 20 (~800 observations). We also dropped approximately 1,200 observations on firms that had only one year of data because growth rates could not be computed for these firms. The resulting sample contains 50,216 observations on 7,809 firms, 18 percent of which have gaps in their data of one to three years. 12
Some simple statistics for these data are shown in Appendix B. Table B -2 shows the sample distribution over time together with some information on IP use. The first panel counts the number of firms in each year who have ever applied for the different types of IP since 1991; that is, the assumption is that once a firm is IP-active, it remains so. The second panel counts only those firms that have made an application in the current year. In both cases, as we indicated above, the dominant IP being used is trademark protection. Table B -3 shows the industry breakdown we are using in this paper. Some two-digit industries that were sparsely populated have been combined with others (notably tobacco with food, oil refining products with chemicals, and computing machinery and communication equipment with electrical machinery). The majority of firms is in fairly low-tech sectors, with at least a third of the firms in the food and beverage sector, and a large number in apparel, wood products, and fabricated metal products. Most of these sectors are consumer good-intensive, so it is not that surprising that trademarks are much more important than patents for Chilean firms.
The bottom panel of Table B -3 shows the different types of IP use by sector. As before, IP use is dominated by trademarks and this use is widespread across all sectors. In general, sectors that make high use of one kind of IP tend to also use the others (chemicals including pharmaceuticals, rubber and plastics, basic metals, and medical devices and precision instruments). Pharmaceuticals by itself is even more IP-intensive, with 75 per cent of the firms using some form of IP during 1990-2005, and 15 per cent using patents. We also note that fewer than one per cent of the firms ever use utility models and we will therefore not pursue the analysis of this type of IP further.
Determinants of IP use
The first step is to analyze the choice of an IP strategy by Chilean firms. We begin by describing the trends in the first IP filing by these firms, and how these vary by industrial sector and other firm characteristics. Figure 2 shows the breakdown of the various IP filings between domestic and foreign-owned firms in the manufacturing sector. Note that there are about 2,700 patent and 300 design right filings per year in this period in Chile, almost 90 percent of which are from non-residents, while the number of filings from domestic ENIA firms is about 200 patent and 40 design rights per year. In contrast, there are about 29,000 trademark filings per year, less than 15 percent of which are filed by ENIA firms in the manufacturing sector, while domestic firms account for over two-thirds of those. Table 2 shows the use of IP by industrial sectors. We separate them into two groups: those that use IP for the first time in 1995-2005, and those that were already using IP when they entered the sample. The sectors with the largest share of old users are chemicals and related products, metals, and publishing. But these industry variations are not that large. Looking at the new users of IP, the largest increases (by share of firms) are in chemicals and instruments. Our second exploration probes more deeply into the determinants of IP use. Prior literature has identified the following firm characteristics as determinants: firm size, whether it exports, whether it does R&D and how much, ownership status (foreign or domestic, public or private), and the sector in which it operates. We have the relevant data to explore whether and how these determinants operate in Chile. Later in the paper, we will also include whether a firm has recently introduced a new product, design, or packaging, for the subsample matched to the innovation survey.
Figure 2
Our analysis in this effort is based on descriptive regressions either of the probit (in the case of single indicator for the presence of a patent, design right, or trademark filing) or Poisson (for patent, design, and trademark counts) type. We use the following independent variables:
 Firm size -the log of the number of employees with a contract (more than 90% of employment for most firms).  Capital intensity -the log of the capital-employment ratio.  Dummies for foreign and public ownership. 13  Dummy for a sole proprietorship.  Dummy for an exporting firm.  Dummy for location in the Santiago metro region. 13 We also included a dummy for mixed foreign and domestic ownership, but it was never significant in any of the models. Because the manufacturing survey and the IP data are effectively universes of activity in Chile, we can also analyze the impact of the external environment faced by the firm in Chile. This consists both of the competition environment, quantity and nature of competitors and their IP use, and the complete IP environment, including activity by foreign firms. As a first step in this exploration, we computed the market share of each firm in its 4-digit industry, as well as the standard HirschmanHerfindahl Index (HHI) for the industry and included them in the regressions in log form. Table B -4 in the appendix shows the means of the HHI by our industry classification, as well as the share of 4-digit industries in each industry that are concentrated by the usual definition (HHI>2,500). With the exception of the low-tech sectors textiles, wearing apparel, leather, wood, and paper, the industries appear to be quite concentrated at the 4-digit level. We included the following variables in the regressions:
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 Log of the firm's 4-digit industry market share in that year (based on sales).  Log of the HHI for the firm's 4-digit industry that year (also based on sales).
Table B-4 also shows the average share of sales in each industry that is obtained by foreign-owned firms. The average across all 4-digit industries is about 11 percent, although only 2.8 percent of the observations are foreign-owned, implying that the foreign-owned firms also tend to be bigger than the others. In estimates similar to those in Tables 3-5 , we explored whether this share mattered for domestic firm behavior and found that in general the share of foreign-owned sales in the industry did not affect domestic firm IP behavior. 14 The only exception was the number of design rights, which were greater when the share of foreign sales was higher and substantially lower when there were no foreign firms in the industry. This suggests some response to foreign firm behavior, but it is somewhat surprising that there is no patenting or trademarking response to foreign firm sales in the sector. Table 3 displays a series of probit regressions that model the probability of different types of IP use as a function of these variables. The dependent variable in these regressions is one if the firm had ever applied for a patent, a design right, or a trademark during the year of observation or previous years. Larger firms, exporting firms, and those located in the Santiago metro region are more likely to use any kind of IP protection and the use of trademarks and design rights increases with capital intensity, conditional on size and industry. Surprisingly, although foreign-owned firms are far more likely to patent than domestic firms, they are less likely to make use of trademarks. These effects are large when compared to the overall probabilities of patenting and trademarking. For example, the mean trademark probability is 26 percent and being a foreign firm subtracts 10 percent from this number. In this table, the industry impacts are measured relative to the largest manufacturing sector, which is food and beverages. As one might have expected, patenting is more frequent in chemicals, metals and machinery, and motor vehicles, however there is no patenting in the electrical and electronics sector. This reflects the small size of the sector in Chile -representing only one percent of employment in manufacturing -but also suggests that firms in this sector are not on the technology frontier and see no need for protection of this kind. In contrast, trademarks seem to be used more uniformly across sectors, with the highest use in chemicals which includes pharmaceuticals and the lowest in wood products. Left out industry is food and beverage products & DF/dx shown; for dummies change in probability from 0 to 1 is shown.
# No patent/design right applications for firms in some sectors, so the observations in that sector are dropped.
Estimates significant at the 10% (*) 5% (**) and 1% (***) levels respectively. & DF/dx shown; for dummies change in probability from 0 to 1 is shown. @ Data for the first year are dropped since there are no new IP users by definition in that year.
Estimates significant at the 10% (*) 5% (**) and 1% (***) levels respectively. Table 5 shows the "intensive margin" regressions focusing on the number of IP applications filed, which are similar to the "extensive margin" regressions in Table 3 . Interesting differences are that public firms are more likely to obtain patents but substantially less likely to obtain trademarks, something that was only hinted at in Table 3 . Industry effects also change, with almost all industries except chemicals obtaining fewer trademarks than firms in the food and beverage sector. Table 5 3.3 Impact of IP use on performance As a first step in evaluating the impact of IP use on the firms, we compare key indicator variables such as the growth in employment, revenue, and productivity before and after the first use of Left out industry is food and beverage products # No patent/design applications for firms in some sectors, so the observations in that sector are dropped.
Estimates significant at the 10% (*) 5% (**) and 1% (***) levels respectively. trademarks or patents by the firm. We drop design rights from this analysis because they are used by fewer than two per cent of the firms.
Because patents and trademarks protect quite different things -brand names versus inventions -
we analyze each separately. We use a regression version of a difference-in-differences analysis, which allows us to deal with the unbalanced nature of our panel and the variable timing of the first IP use. The basic model we use is the following:
where i, t indicate the firm and year, ai and lt are firm and year fixed effects, respectively, I(IP user) is a dummy variable capturing the first use of trademarks or patents and y denotes the outcome variable (employment, sales, or TFP). The coefficient β measures the percentage increase in the dependent variable associated with trademark use for the first time.
TFP is computed in the usual way as the residual of a regression of log revenue on log employment, log materials, log capital stock, time and industry dummies. Because the dependent variable incorporates both firm-level price and quantity, it captures both the impact of process improvements as well as any ability to raise price due to product improvement and/or branding strategies. Employment is measured by the average number of employees in the year, both contract and non-contract. If interest is in real productivity, it might be desirable to measure actual personhours, but these are not available for several of the years in the sample. Alternatively, if interest is centered on the firm's revenue productivity, using the wage bill or payroll plus any social charges would remove any returns going to the firm's employees as a result of productivity improvements. However, payroll information is available for fewer than 20 percent of the observations. Using employee numbers means that any improvements in the skill composition of the labor force will be in the residual TFP.
Capital stock is measured as reported on the ENIA questionnaires, which ask for the nominal value of fixed capital stock. There is no information on capital utilization. As in the case of employment, this implies that measured TFP is not "true" productivity, since inputs are included even if they are not actually used in production. However, if using trademarks and the introduction of innovative new or improved products increases the firm's revenues via higher prices or increased demand, an improvement in this measured TFP would be observed, unless these improvements are accompanied by proportionate increases in labor, capital, and materials.
When estimating the model, we treat the observations in the year of first IP use (the zero year) as prior to first-time use because the application can happen any time during the year, and there will presumably be some lag between the IP filing and its impact on the dependent variable. 15 The results are shown below in Table 6 . The top panel is a simple differences-in-differences estimation with firm and year fixed effects plus a dummy for the first-time trademark users after they make their first application. The first three columns give the results for first-time trademark use, and the second three for first-time patent use.
Although there is clear evidence that firms increase in size after their first trademark application or patent filing, there is no visible increase in their productivity. The bottom panel investigates whether the firms adopting IP strategies are different prior to the adoption from the control firms (firms that have not yet used trademarks or patents). We test this by including two trends: one for all firms and one for the "treated" firms only. The treated firms clearly have a trend growth in employment and sales that is different from the controls, and which knocks out the post-IP coefficient. That is, the first use of trademarks or patents is anticipated by employment and sales growth, but the use of these IP rights does not increase the rate of growth. Note also, that because of the small patenting sample size, which leads to large standard errors on the "treated" variables, it is not possible to conclude that the trademark and patent results are different from each other nor is it possible to rule that out. Table 6 The result for trademarks is shown graphically in Figure 3 , which is based on a within firm regression that includes year dummies along with a complete set of separate dummies for the lag between the observed year and the year of first trademark use. The figure shows the relative trend (growth rates) of TFP and its inputs around the time of first trademark use. It is fairly apparent that firms adopting trademarks are growing firms, and that trademark use does not change their trajectory. Sales and materials inputs track fairly closely, while employment grows smoothly and somewhat more slowly. Fixed capital follows the same pattern, but with more fluctuation, and with 
Figure 3
At face value, these findings suggest that firms experiencing sales growth at some point turn to the IP system in their commercial strategy. However, first-time IP use does not seem to change the growth trajectory, nor does it improve measured TFP. In the case of trademarks, the absence of a productivity response is less surprising, given the primary objective of the trademark system to reduce information asymmetries rather than to incentivize innovation, and the widespread use of trademarks even among non-innovating firms. In the case of patents, the prior literature for developed countries shows mixed results: Hall et al. (2013) and Hall and Sena (2017) found no or only a weak productivity response for the UK, while Balasubramanian and Sivadasan (2011) did find a response for the U.S. In the present analysis, it is worth recalling the small number of Chilean manufacturing firms using patents, which limits statistical inference. In addition, most firms only apply for a single patent during the sample period (see Figure 1) , which questions the analysis' premise that first-time patent use captures a more durable embrace of the patent system. These factors may well explain the absence of a productivity response to patenting in the Chilean context. 
Innovation, trademarks, and productivity
Tables B-1 and B-2 in the appendix make it clear that the number of firms using trademarks dwarfs the number using patents or design rights, by a factor of about 20 times. Therefore we focus on trademarks in this section of the paper, where we further explore the relationship between innovation, the use of trademarks, and productivity using data from the two surveys (ENIA and Innovacion) and the trademark data. Note that the innovation surveys are available only for seven years between 1997 and 2005, so the period of analysis is somewhat shorter than in the preceding section. In addition, as Table 1 showed, the sample will involve far fewer observations. After cleaning, we have 5,126 observations on 1,976 firms, 2.6 years per firm on average. Table 7 shows the types of innovation surveyed, and their frequency in our sample, for all firms and for the R&D-doing firms only. 52 percent of manufacturing firms in Chile report either a product or process innovation during the past two years. For comparison, the number for U.S. manufacturing is 32 percent during 2012-14 (U.S. National Science Board 2018). The frequency of product and process innovation of all kinds is also somewhat higher than observed by Hall and Sena (2017) for the UK, although their sample is not comparable as it included non-manufacturing firms. When the sample is restricted to R&D-doing firms, almost all the firms have some form of product or process innovation during the period, balanced fairly equally between the two types.
Table 7
Our subsequent analysis will focus on product innovation, which is likely to be the most associated with trademark use. However we note in passing that 28 out of the 34 firms that own design rights also report that they innovated some kind of design, although the remaining 645 design innovators Innovative activity and trademarks
All firms R&D-doers only
did not use the design right system. Similarly, firms with packaging innovations are more likely to hold either or both of a design right or trademark than other firms, but most of them do not.
CDM model
In order to jointly analyze R&D, product innovation, trademark use, and productivity outcomes for the sample, we use the well-known model of Crepon, Duguet, and Mairesse (CDM) (1987) . This model was designed to deal with the type of data we have here: essentially repeated cross sections with a very sparse time dimension, firms without reported R&D that innovate, and several qualitative variables. Hall and Sena (2017) extended the model to include IP; we use a variation of the model here. The basic model has three parts: 1) equations for R&D; 2) equations for the innovation outcome(s) and the choice to protect via IP (in this case, trademarks); and 3) a conventional productivity equation that also depends on innovation and trademarks. Figure 4 shows the structure of the model. The squares contain the predetermined variables in the model and the ovals are the key endogenous variables.
Figure 4
This model schematic is implemented by a set of estimation equations described below. The index i denotes a firm, j the two-digit industry of the firm, and t the time period.
The R&D model uses a two equation sample selection (Heckman) model for the presence of R&D and its intensity to predict R&D intensity for all observations, not just those with observed R&D. This predicted R&D is then included as a regressor in the innovation and IP equations, effectively a form of instrumental variable estimation. where rd is a dummy variable for reported R&D, r is the observed R&D intensity, measured as spending per employee, and w,  w , z, and  z are a set of predetermined variables describing the firm. The dj and dt are industry and time dummies. These two equations are estimated jointly by maximum likelihood, and then the expected R&D intensity is computed, conditional on whether or not actual R&D was observed.
The third equation is the innovation equation. Innovation is an indicator variable, so the equation is estimated using a probit model. We estimate two versions of the innovation equation: one that includes the expected (predicted) R&D intensity on the right hand side, and one that includes observed R&D intensity. In the latter case, we also include a dummy variable equal to one when R&D is not observed. In the equation below, r denotes the R&D variable(s), and x 1 the other included control variables.
The fourth equation is an equation for trademark use, specified in a similar manner, and estimated using probit with the two different choices for R&D:
We model productivity as in section 3.3, adding information on innovation and the use of trademarks to the regression. The model we use is otherwise conventional:
y, e, c, and m are the logs of sales, employment, capital, and materials respectively. TM and INN correspond to the various trademark and innovation variables. This equation is estimated by OLS and the standard error estimates are clustered at the firm level, which allows free correlation across time.
R&D equation
The R&D portion of the model is based on the idea that many firms that do not report R&D to the survey may actually undertake informal R&D, even if they do not track it separately. Table B -6 in the appendix shows the distribution across industries of the number of firms that do R&D continuously and those that do it only occasionally. The overall shares are roughly equal, at 16 percent, so 32 percent of the firms in our ENIA-Innovacion sample report doing R&D at some point.
The fact that this share is relatively low compared to the U.S. and Europe suggests that the CDM assumption that some manufacturing firms are doing informal R&D and not reporting it may not be warranted in a country like Chile. Nevertheless, in what follows we do find that R&D predicted from the model does have a substantial impact on innovation.
We include the following variables in both of the R&D equations: firm size and industry, whether the ownership is foreign, whether the firm exports or collaborates, and whether the firm uses internal and/or external sources for information about innovation. We also include some industry level variables for the degree of financial constraints faced by firms in the industry, and the extent to which the industry uses trademarks. 16 The results of estimating this model using maximum likelihood with robust standard errors clustered on the firm are shown in Table 8 . The estimated correlation of the disturbances in the two models is positive and similar to that obtained by Hall and Sena (2017) for the UK. Choosing to invest in formal R&D (30 percent of the observations) is dependent positively on firm size, whether it exports, whether it collaborates with others, its (domestic) market share in the 4-digit industry, and on the use of internal (to the group to which it belongs), university, and public institution information sources. Foreign-owned firms are much less likely to invest in R&D, at least in Chile.
There is no role for the industry variables, which may reflect the fact that much of what is not explained by industry and year is due to noise, since both variables are based on qualitative discrete variables. The R&D intensity equation has similar results except for firm size, where intensity falls with employment. Some of this effect is doubtless due to measurement error in employment, which will induce negative correlation between the dependent variable and the log of employment, and some is due to the strong correlation of firm size with market share.
Table 8
We can compare these estimates to some of those for developed countries. Mairesse et al. (2005) presents an updated and extended version of the CDM model estimates for France. They also find that size, international exposure and collaboration increase the probability of doing R&D. However, they do not find that size is negatively related to R&D intensity. They also find no impact of foreign ownership on R&D, unlike in our case. For the UK, Hall and Sena (2017) also find that size, international exposure and collaboration increase the probability of doing R&D and its magnitude, and that foreign ownership is associated with higher R&D intensity. The result that foreign ownership is either zero or positive for R&D in these developed countries but negative in a developing economy like Chile's is likely to reflect the greater willingness of foreign firms to locate R&D in a more developed country.
Another interesting result from the R&D equation is that the industry variables (financial constraints, trademark use, and concentration) do not seem to influence the firm's decision to undertake R&D, while its own market share is quite important (doubling market share adds 6 percent to the probability of doing R&D and increases its level by 24 percent, other things equal). This is inline with Blundell et al. (1999) who find that market share is positively associated with the market value of innovation in UK firms and suggest that this is due to the higher incentive for preemptive innovation by firms with dominant positions (see also Hall and Vopel, 1997 , for the U.S.). Estimates significant at the 10% (*) 5% (**) and 1% (***) levels respectively.
(34) 5,126 (30.0%)
Standard errors robust to heteroskedasticity and clustered on firm. The method of estimation is maximum likelihood on a generalised Tobit model.
R&D equations
Invests in R&D (0/1) Log (R&D/employee) yes yes yes yes
Innovation models
There is a range of innovation indicators in the innovation survey, all measured as 0-1 variables. They include management, organizational, design, packaging, as well as the usual product and process, both new to the market and new to the firm. In addition we created two new variables for product and process innovation, one that is equal to one if the firm does any product/process innovation, and one that is equal to one if the firm does product/process innovation that is new to the firm but not to the market. The latter can be thought of as an imitator rather than an innovator. Table B -7 in the appendix shows the shares of each of these innovation variables both by observation and by firm, and Table B-8 shows their correlation. The most likely innovations are management, organizational, and any process and product, at about 40 percent of the sample. More than half the firms have either a product or process innovation. When we restrict to R&D-doers, all the shares are higher, with over 90 percent of the firms having either a product or process innovation. The correlation matrix is as expected, with all the process/product variables being correlated near 0.5, organizational and process innovation correlated, and design and product innovation correlated.
We look at two types of product innovation: the introduction of any new product during the past two years, and the introduction of a product new to the market during the past two years. The latter is closer to a true innovation, while the former will also include imitators. These innovation variables are regressed on R&D, firm size and industry, whether the firm collaborates on innovation, whether there are financial obstacles to innovation, and the sources of information about innovation. We use two versions of the R&D variable. The first is the observed log of R&D intensity (available for 30 percent of the firms) with a dummy variable for those firms that do not report R&D spending and the second is the predicted value of the log of R&D intensity from the estimates in Table 8 . The latter takes into account the possibility that firms do informal R&D even if they do not report it. An alternative interpretation is that R&D intensity is being instrumented, with foreign ownership, exporting, and market share as the excluded variables. 17 The results of estimating equation (3) are shown in Table 9 and are largely as expected: product innovation is associated with R&D, size, collaborating for innovation and using information sources. However, the presence of barriers to innovation in the form of financial constraints does not appear to matter for product innovation once we control for the R&D that might be affected by them. Surprisingly, the use of universities and basic research institutes as information sources for innovation does not seem to be associated with new to the market product innovation. The R&D results show that although doing R&D is strongly associated with product innovation, the observed intensity has a much weaker impact than the intensity predicted by the firm's size, industry, and other characteristics. This result does suggest a role for informal R&D or for R&D that is not tracked and reported to the innovation survey. Quantitatively the result is important: a doubling of R&D spending per employee implies a probability of innovation that is higher by 12 percentage points, which is large compared to the innovation probabilities of 40 and 26 percent. Table 9 4.4 Trademark use We measure trademark use in two ways. The first defines a firm as a trademark user in all the years after its first application for a trademark, while the second measures only the presence of a trademark application during the current year. Because we expect that the use of trademarks is associated with design and packaging innovations as well as with product innovation, we include all of these in our trademark equation, along with R&D and the usual firm size and industry controls. Marginal effects are shown; for dummy variables the impact of a change from 0 to 1 is shown.
5,126 observations on 1,976 firms.
Estimates significant at the 10% (*) 5% (**) and 1% (***) levels respectively.
Product innovation
Product innovator New-to-mkt prod innov
The method of estimation is probit, with standard errors robust to heteroskedasticity and clustered on firm.
The results of estimation using equation (4) are in Table 10 : the first 4 columns are for the trademark user variable and the last two columns for the trademark application in the current year. We find that only new-to-market product innovation is robustly associated with trademark use, although all the innovation variables enter positively. Imitative product innovation is also positively associated with the use of trademarks, but the association is only marginally statistically significant, not robust across specifications, and smaller in magnitude than the marginal effect of new-tomarket product innovation.
As expected, we also find a fairly strong association between firm size and trademark use, with a doubling of size increasing the probability of using trademarks by 11 to 15 percentage points (where the average probability is 29 percent). As in the case of the innovation equation, predicted R&D intensity does a much better job of predicting trademark use than actual R&D intensity, with an increase of almost 10 percentage points in the probability of use from a doubling of R&D.
Overall, these results suggest that firms employ branding strategies to appropriate returns to their investments in (product) innovation. This finding is consistent with a long-standing survey literature that has documented the importance of this appropriation channel for innovating firms, though this literature has been confined to developed countries. 18 Table 10 4.5 Productivity Table 11 shows the estimates of various specifications of equation (5). The coefficients on capital, labor, and materials are stable across specifications and similar to what other studies have found using the ENIA data (e.g. Levinsohn and Petrin, 2003) . We see no statistically significant evidence that the use of trademarks is related to sales, controlling for the usual inputs. This does not change if we take into account whether a company is a product innovator. That said, the predicted probability for product innovation obtained from the product innovation regression enters positively and is statistically significant. At the mean probability of product innovation (0.4), the increase in productivity levels is 12 percent, which is considerable. For example, productivity growth in the U.S. during the past two decades is between one and three percent. Marginal effects are shown; for dummy variables the impact of a change from 0 to 1 is shown.
Trademark Use
D (uses trademarks) D (trademark app this year)
Before leaving this topic, it is useful to remember that the total factor productivity we measure is neither total nor is it productivity, but a sort of hybrid between a profit equation and a production function. There may be omitted variables in the form of intangible capital that has been created by past investments in human capital, networks, organizational change, etc. that were expensed and are therefore not accounted for in the production function. The true inputs to current sales may also differ from the measured employment, capital, and materials (which may simply add to inventories, a form of tangible capital). Finally, the dependent variable incorporates both price and quantity, so that its growth captures changes in demand faced by the firm as well as any changes in the market power the firm is able to achieve. Of course, this latter problem is not a problem if we are interested in the private returns to the firm from IP use and innovative activity, as it is firm revenue that matters for that computation. Estimates significant at the 10% (*) 5% (**) and 1% (***) levels respectively.
Productivity regression
Dependent variable: Log sales (1000s pesos)
Standard errors robust to heteroskedasticity and clustered on firm. The method of estimation is OLS.
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Conclusions
The empirical literature on the use of IP in developing countries has focused largely on the impact of a strengthening of patent protection on North-South technology transfer (Branstetter et al., 2006) and the link between patent protection and the availability and prices of pharmaceutical drugs (Cockburn et al., 2016; Duggan et al., 2016) . Much less is known about the role of IP protection, in particular rights other than patents, in the manufacturing industry more broadly. In this context, the use of trademarks is especially interesting as the available data has shown that they are much more widely used by firms in developing countries than patents (Abud et al., 2013) .
We use a new comprehensive dataset for Chile that combines detailed firm-level information from the annual manufacturing census, information on firms' innovative activities from Chile's innovation surveys, and firms' IP filings to analyze the use of IP by firms in Chile and its effect on outcomes, including growth and productivity.
Our results show that Chilean firms rely much more on the use of trademarks than patents or industrial designs. Most patents are registered by foreign firms that apparently do not have any local presence in Chile. In contrast, the majority of trademarks are registered by Chilean firms, although only a relatively small share is registered by firms in the manufacturing industry. Within manufacturing, we find that firms in chemicals (which includes pharmaceuticals) file the largest number of patents and trademarks among companies registered in Chile. Although Chile was still a middle-income economy during our sample period, the regression results that predict the use of IP and innovation mirror those of high-income countries to a great extent. We also find that the use of IP and firm growth are positively correlated. This does not imply, however, that the use of IP increases firm growth. Moreover, because the growth in inputs mirrors the growth in output for IPusing firms, it is difficult to see an impact on (revenue) TFP from IP use.
Appendix B: Additional tables 4-digit industry characteristics by 2-digit industry 59.2% D (ever applied for patent [1995] [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2003] [2004] [2005] 1.3% D (ever applied for trademark [1995] [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2003] [2004] [2005] 26.1% D (ever applied for design patent [1995] [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2003] [2004] [2005] 0.8% D (IP app in current year) 10.5% D (first time IP user 1996 IP user -2005 9.3% D (prior IP user on entry) 36.5%
* Geometric mean for the first 5 variables.
50,166 observations
Dummy variables
Simple statistics for the estimation sample 
